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Abstract 
Westerly wind bursts (WWBs), usually occurring in the tropical Pacific region, play a vital role in 
El Niño–Southern Oscillation (ENSO). In this study, we use a hybrid coupled model (HCM) for 
the tropical Pacific Ocean-atmosphere system to investigate WWBs impact on ENSO. To achieve 
this goal, two experiments are performed: (a) first, the standard version of the HCM is integrated 
for years without prescribed WWBs events; and (b) second, the WWBs are added into the HCM 
(HCM-WWBs). 
 Results show that HCM-WWBs can generate not only more realistic climatology of sea 
surface temperature (SST) in both spatial structure and temporal amplitudes, but also better ENSO 
features, than the HCM.  In particular, the HCM-WWBs can capture the central Pacific (CP) ENSO 
events, which is absent in original HCM. Furthermore, the possible physical mechanisms 
responsible for these improvements by WWBs are discussed. 
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1  INTRODUCTION 
1.1 El Niño–Southern Oscillation 
 
The El Niño–Southern Oscillation (ENSO) is a large-scale inter-annual pattern of fluctuations in 
climate and weather. ENSO is characterized by warm sea surface temperature (SST) anomalies in 
the eastern and central Pacific Ocean, known as El Niño, and a seesaw in atmospheric pressure 
between the central/eastern Pacific and the western Pacific, known as the Southern Oscillation. 
Bjerknes (1969) recognized that these are two different aspects of the same coupled ocean-
atmosphere phenomenon. Bjerknes hypothesized that a positive feedback of tropical ocean-
atmosphere involving the Walker circulation is a cause of the SST warming in the equatorial 
eastern and central Pacific. He noticed that an initial warm SST anomaly in the equatorial eastern 
Pacific reduces the zonal SST gradient and hence the strength of the Walker circulation, which 
results in weaker trade winds around the equator. The weaker trade winds further drive the ocean 
circulation to enhance the SST anomaly.  As a result of the positive ocean-atmosphere feedback, 
this leads the tropical Pacific to the warm phase of the ENSO cycle referred to as El Niño. After 
El Niño reaches its mature stage, a negative feedback for the coupled system is required to turn 
warm phase to the cold phase of ENSO, referred to as La Niña. ENSO originates in the tropical 
Pacific Ocean on an inter-annual time scale, and it strongly affects patterns of weather variability 
with serious impacts on agriculture, such as extreme drought and heavy rain.   
  Battisti and Sarachik et.al, (1996) observed El Niño events and found features such as: (1) 
warming sea surface temperature (SST) anomalies appear in the eastern and central Pacific Ocean, 
(2) during the onset stage of El Niño, the weak trade wind is related to warm SST anomalies, (3) 
the highest anomaly occurs in boreal winter (i.e. phase locking to the annual cycle), and (4) El 
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Niño events are repeated approximately every 3-7 years. El Niño events alter the normal 
atmospheric Walker circulation, resulting in an eastward shift of precipitation anomalies from the 
western to the central equatorial Pacific. When an El Niño (Figure 1a) occurs, there is a large area 
of warmer sea surface temperature (SST) anomalies extending from the central Pacific towards the 
eastern Pacific Ocean associated with a weakening of the trade winds. During the La Niña (Figure 
1b) event, the anomalously cool water accumulates in the central and eastern tropical Pacific which 
is associated with a strengthening of the easterly winds over the central tropical Pacific.  
  Over the past few decades, a considerable number of observational and modeling studies have 
been developed to complete ENSO theory and to improve ENSO predictions (Neelin et al., 1998; 
Latif et al., 1998; Wang and Picaut, 2004; Zhang, 2016; Fang and Zheng, 2018; Zhang and Gao, 
2017;Hameed et al., 2018); this has led to two different frameworks that describe the ENSO 
mechanisms. In the first framework, ENSO is viewed as unstable, natural, and self-sustained 
oscillatory mode of the coupled atmosphere-ocean system (Suarez and Schopf, 1988; Wyrtki, 
1975; Battisti and Hirst, 1989; Horii et al., 2012; Jin 1997a, b; Tziperman et al., 1994; Tziperman 
et al., 1995). Two of the most well-known theories that have been proposed for the self-sustained 
oscillatory mode of ENSO are: the delayed oscillator (Suarez and Schopf, 1988; Battisti and Hirst, 
1989) and the recharge-discharge oscillator (Jin, 1997a, b). The delayed oscillator theory suggests 
that oceanic Kelvin and Rossby waves, forced by equatorial zonal wind stress anomalies in the 
central Pacific, provide a negative feedback for the coupled system to oscillate. The theory explains 
that an El Niño event lasts for about one year and is terminated by an upwelling Kelvin wave. 
When an El Niño event reaches the peak phase, the residual Rossby wave in the western Pacific 
leads to a La Niña.  The recharge-discharge oscillator argues that the discharge and recharge of 
equatorial heat content provide the phase-transition mechanism. Jin (1997a, b) suggested that prior 
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to the El Niño event, upper heat content in the equatorial tropical Pacific region builds up 
gradually. During the El Niño event, heat content is discharged eastward and poleward due to 
Sverdrup transport associated with the equatorial central Pacific zonal wind stress anomalies and 
equatorial eastern Pacific warm SST anomalies. The discharge of equatorial heat content leads to 
a La Niña event.  
  Fundamentally, the above two mechanisms depend on the fact that after an El Niño reaches its 
mature phase, negative feedbacks are required to terminate the growth of the warm SST anomalies 
in the central and eastern Pacific, and conceivably leads to a La Niña. However, these two 
mechanisms cannot explain some aspects of ENSO, including its diversity and asymmetry. Thus, 
there is a second framework that identifies ENSO as a stable or damped oscillation mode triggered 
by stochastic forcing, such as westerly wind bursts (WWBs) and Madden-Julian Oscillation (MJO) 
(Penland and Matrosova, 1994; Penland and Sardeshmukh, 1995; Moore and Kleeman, 1999; 
Philander and Fedorov, 2003; Kleeman et al., 2003; Burgman et al., 2008).  It has been found that 
stochastic forcing is a source of growth and irregularity in ENSO (Penland and Sardeshmukh, 
1995).  
  The WWBs (see Section 1.2) play an important role in promoting the ENSO development and 
the onset of the El Niño event (McPhaden, 2004). For example, the 2015–2016 El Niño event, 
which was poorly predicted by most models, had a significant impact by WWBs. A very strong 
WWB occurred in March 2015, resulting in the positive large-scale SST field (i.e. warm pool) 
expansion eastward through anomalous zonal advection. It has been found that a successful 
prediction of this event requires the prediction model not only to describe the variation of upper 
ocean heat content along the equator, but also to capture the evolution of the WWB.  
4
  Lopez and Kirtman (2014) described the role of WWB parameterization in ENSO predictability. 
They found that WWBs, if modulated by the warm pool eastward expansion in the prediction 
system, can potentially improve ENSO prediction compared with a prediction system that does 
not include WWB parameterization. In the light of coupling between WWBs and ENSO, it is 
expected that WWBs need to be included in a good ENSO prediction system. Wittenberg et al. 
(2006) suggested that most coupled general circulation models (CGCMs) are not able to reproduce 
the characteristics of WWBs (such as amplitude, warm pool location, and occurrence) because of 
large systematic errors and mean‐state bias. WWBs are particularly challenging to be represented 
in coupled models because they are not only influenced by warm pool eastward expansion but also 
by the synoptic short-term atmospheric processes.  
 
Figure 1: The sea surface temperature and 10m winds anomaly during composite El Niño (Top) 
and La Niña (Bottom). 
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1.2 Westerly Wind Bursts (WWBs) 
 
WWBs are synoptic-scale disturbances represented by episodes of strong westerly winds over the 
tropical Pacific Ocean (Fedorov et al., 2015; Vecchi and Harrison, 2000; Larson and Kirtman, 
2015). Several studies showed that temporal and spatial scale of WWBs range from 5 to 20 days, 
500–4000 km in longitude, and 400–1000 km in latitude (Seiki and Takayabu, 2007a, b; Keen, 
1988; Verbickas, 1998; Puy et al., 2015). Keen (1987) concludes that WWBs mostly occur in the 
western equatorial Pacific during the months from November through April. There are strong 
evidences that these disturbances have been observed to occur in association with the onset of 
every significant El Niño event for the past five decades (Fedorov et al., 2015; Larson and 
Kirtman,2015; Puy et al., 2015). These wind events often impact on, or are impacted by, weather 
events and atmospheric conditions, including cold surges from high latitudes (Chu, 1988; Arkin 
and Webster, 1985; Love, 1985a, 1985b; Lim and Chang, 1981), the convectively active phase of 
the intra-seasonal Madden‐Julian Oscillation (MJO) (Chen et al., 1996, Zhang, 1996; Sui and Lau, 
1992; Hendon et al., 1998), paired or individual tropical cyclones (Keen, 1988; 1982) or a 
combination of all the three processes (Yu and Rienecker, 1998). For example, Lian et al., (2018) 
found that WWBs are associated with tropical cyclone in the western-central equatorial Pacific. It 
is pointed that tropical cyclone exhibit westerly wind over the equatorial pacific and strongly 
influence ENSO diversity through WWBs over the western-central equatorial Pacific. More 
notably, they suggested that relationship between WWBs and tropical cyclone provides a practical 
way to improve ENSO prediction by improving the seasonal forecast of tropical cyclone. 
Furthermore, Puy et al., (2016) suggested that a convective MJO provides favorable conditions for 
WWBs and doubles the occurrence of WWBs. The occurrence of WWBs can bring an influence 
on upper oceanic temperature through downwelling Kelvin waves that propagate eastward in the 
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central equatorial Pacific Ocean and induce the warming of sea surface temperature in the 
equatorial central and eastern Pacific Ocean (Lengaigne et al., 2003; Puy et al., 2015). It has also 
been found that WWBs play an important role in the diversity, asymmetry, and timing of El Niño 
events (McPhaden, 1999; Fedorov et al., 2003; Lengaigne et al., 2004; Chen et al., 2015).  
  Numerous observation and modeling studies have been performed to explore the role of WWBs 
in the dynamics and predictability of ENSO (McPhaden et al., 2006b; Wang et al., 2011; Lopez et 
al., 2013; Lian et al., 2017). For example, Vecchi and Harrison (2000) concluded that sea surface 
temperature (SST) anomalies in the tropical Pacific Ocean change in response to WWBs, and that 
WWBs occur more often during onset and development of the El Niño events (Lengaigne et al., 
2004; Larson and Kirtman,2015; Puy et al., 2015). Furthermore, studies show that the timing and 
characteristics of these WWBs are modulated by the large-scale SST and the irregularity of ENSO 
(Yu et al., 2003; Tziperman and Yu, 2007). Several efforts have been made to improve the 
representation of WWBs in numerical models for better ENSO simulation and prediction 
(Eisenman et al., 2005; Perez et al., 2005; Gebbie et al., 2007; Lopez and Kirtman, 2013; Lopez et 
al., 2013; Lian et al., 2017). For example, Eisenman et al. (2005) have shown that the amplitude 
of the simulated ENSO variability in an intermediate model was double when the occurrence of 
WWBs were modulated by the warm pool extent near the dateline. In view of this outcome, it is 
recommended that the modulation of WWBs by the central Pacific SST strongly affects basic 
components of ENSO dynamics, and that WWB occurrences should not be considered as purely 
stochastic. In addition, Gebbie et al. (2007) used a hybrid coupled model, an ocean general 
circulation model coupled to a linear statistical atmosphere model, to obtain similar results. These 
studies suggested that the occurrence of WWBs is semi-stochastic and that WWB characteristics 
are partially modulated by SST and partially decided by stochastic processes, which built the 
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theoretical framework of WWB parameterization schemes in numerical models (Gebbie et al., 
2007; Gebbie and Tziperman, 2008; Lian et al., 2014; Thual et al., 2016; Lian et al., 2017). Thus, 
currently widely used WWB parameterization schemes contain both the deterministic and 
stochastic components; namely, the WWB is stochastically triggered by the warm-pool, but the 
precondition of warm-pool to excite the WWB is deterministic. 
  The recent studies of Lopez et al., (2013) has demonstrated that inclusion of WWBs can improve 
the ENSO prediction accuracy. Gebbie and Tziperman (2009) also found that the added WWBs in 
numerical models can better predict onset and development of the extreme El Niño events. 
However, some other essential features of WWB impact on ENSO have not been well explored, 
for example, the relation of WWBs to ENSO phase locking. A large challenging here is the impact 
of WWBs on ENSO characterises are often model dependence, as these mentioned above. For 
instance, changes in WWB trigger (timing) can differently affects the amplitude and other 
characteristics of ENSO (the phase transition, the onset and development of El Niño rate 
instabilities) on various models. In addition, when WWBs migrate eastward, it expands the 
eastward advection of the warm pool edge. The impact of position of the warm pool on WWB is 
also often model dependent.  Thus, it is interesting to use more models to explore the impact of 
WWBs on ENSO, shedding some lights on general and robust finding and conclusion. Towards 
this goal, this research evaluates the impact of WWBs on ENSO features using a hybrid coupled 
model (HCM) with a WWB parameterization. The hybrid coupled model, composed of a 
dynamical ocean and statistical atmosphere, can produce realistic climatology sea surface 
temperature (SST) over the tropical Pacific. It has been used for ENSO prediction (Tang et al 
2001).  However, it does not include WWBs, thus unable to well characterize some ENSO 
behaviours such as the diversity and phase locking. It is an idealized testbed to explore the impact 
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of parameterized WWBs on ENSO due to its atmospheric model of free noise.  The main goal of 
this study is to improve the fundamental features of ENSO such as its skewness, amplitude, 
diversity, and phase locking, by introducing WWB into the HCM. 
1.3 Objectives and Outline 
 
Correct representation of the WWBs in numerical models is critical to skillful ENSO prediction. 
This thesis, therefore, addresses the WWB role in ENSO features using a hybrid coupled model. 
The objectives of this thesis research are to improve the ENSO features, including its asymmetry 
and diversity, by modeling a semi-stochastic WWBs, including the analysis of the 
parameterizations and their triggering and migration mechanism. The specific objectives of this 
research are:  
i) Diagnose the main characteristics of WWBs and implement experiments to examine the 
oceanic response to WWBs. Investigate the impact of WWB parameterizations on ENSO, 
such as the WWB triggering (timing) and its warm pool edge migration. 
ii) Explore the effects of WWBs on the characteristics of ENSO, including its pattern 
distribution, amplitude, onset and development of El Niño event, as well as the phase 
locking.  
iii) Quantify the effects of WWBs on the different types of ENSO. 
iv) Investigate the impacts of WWBs on ENSO prediction in the prediction model.    
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1.4 Organization of Thesis 
 
To achieve the above objectives, this thesis is organized and presented as follows: 
• Chapter 2 gives a detailed description of the various observational datasets and methods 
used in this study.   
• Chapter 3 introduces the hybrid coupled model (HCM) and its performance of SSTA 
simulations in the tropical Pacific Ocean. The different parameterization schemes of 
WWBs are also introduced. 
• Chapter 4 discusses the simulation results from the two experiments using the hybrid 
coupled model. The first is a control run without WWB parameterization and the second 
is a forced run with WWBs parameterization. The simulation results reflect the effects of 
WWBs on ENSO features including phase locking and the different flavors of ENSO.    
• Chapter 5 presents the experiment setup for ENSO prediction. The implementation of 
WWBs in the prediction system and their prediction skill of ENSO events are discussed.   
• Chapter 6 reviews the results of this study. A brief summary of the contributions of the 
present study to the understanding of the ENSO features is given. In addition, some 
challenges and importance of WWBs are discussed. 
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2 DATA AND ANALYSIS METHODS 
2.1 Data 
 
The European Centre for Medium-Range Weather Forecasts (ECMWF) ERA-40 and ERA-interim 
reanalysis datasets are used with a resolution of 1°x 1°at both longitude and latitude for the period 
of January 1961–December 2017. The ERA-40 covers the period from 1961 to 2001, which is only 
available until June 2001 therefor ERA-interim over the time periods 2001-2017. The 10m wind 
daily data were used to identify the WWBs over the tropical Pacific Ocean. A monthly climatology 
is constructed from daily ECMWF surface wind. Monthly data have been used to force the ocean 
model. The wind stress used to force the ocean model was converted into the pseudo wind stress 
by: 
                                   τ= µ ρa Ca | U10|U10                                            [1] 
Where U10 is 10m wind speed (m/s), µ is a parameter that controls the forcing strength, Ca is the 
drag coefficient (1.5x10-3) and ρa is density of air (1.2 kg m3). 
The SST data used in this study is from the Global Ocean Surface Temperature on a monthly 1° 
area grid for the period from January 1961 to 2017 (Hadley Centre Sea Ice and Sea Surface 
Temperature data set [HadISST]). The SST anomalies are obtained by subtracting the monthly 
climatology from SST at each point. The focus of this study is only over the tropical Pacific Ocean 
(120°E-290°E, 30°N-30°S).  
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2.2 Definition of WWBs 
 
There are different definitions proposed in the previous studies to identify WWBs (Harrison and 
Vecchi 1997; Eisenman et al., 2005; Lian et al., 2017). This study adopts the definition used in 
Lian et al. (2017); that is, surface westerly speed anomalies above 5 ms-1 with a zonal extent over 
10° and sustained above two or more days. To identify WWBs in this study, the 1° x 1° gridded 
10m surface wind with daily time resolution is used from ECMWF reanalysis datasets. First, the 
daily climatology was calculated using 10m zonal wind data between 1961-2017. Then, zonal 
wind anomalies were defined as the departure from the daily climatology. A WWB was defined 
when following three criteria were fulfilled:   
1) The surface zonal wind anomalies averaged over the latitudinal region between 5°N and 
5°S with speeds greater than 5 ms-1. The latitudinal region of 5°N-5°S, approximately the 
oceanic radius of deformation, plays a fundamentally important role in excitement and 
amplification of oceanic Kelvin waves (WWBs are believed to be primary source).  
2) The above surface zonal wind anomalies are sustained for the longitudinal extent greater 
than 1100 km. Whereas, the latitude extension calculated at the time once the amplitude of 
zonal wind anomalies is most within longitudinal extension. 
3)  The above two conditions are sustained for at least two or more days.  
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2.3 WWB observations 
In this section, the general statistics of observed WWB occurrences and characteristics are 
analyzed, and then used to investigate the possible link between SST structure and the WWBs over 
the tropical Pacific Ocean. First, using the WWB definition, a total of 303 WWB events were 
identified for the period of 1961–2017, at a yearly average of 5.3 events. All ENSO warm phases 
were accompanied by WWB events at their onset and during the development, as shown in Figure 
2. This is especially noticeable during strong events such as 1982, 1997 and 2015. In most El Nino 
cases, WWBs events are located west of the date line, but during the strong events the WWBs 
became longer, stronger, and more frequent, and they tend to move eastward during the 
development of the El Niño event (Gebbie and Tziperman, 2009; Chen et al., 2015; Lian et al., 
2017). Most of WWBs were detected over the western and central Pacific. Furthermore, as can be 
seen in Figure 3, most frequently occurring WWBs were distributed over the longitudinal region 
from 120°E to 240°E (Figure 3, left side) with maximum zonal amplitude between 7 and 14 ms-1 
(Figure 3, right side). This result is consistent with other studies (Yu et al., 2003; Tziperman and 
Yu, 2007), which indicated that the WWB temporal occurrence and spatial extent appear to be 
modulated by the positive SST anomaly in the equatorial Pacific.  
  It has been pointed out that ENSO is seasonally phase locked, typically reaching peak intensity 
at the end of a calendar year. To investigate the possible link of ENSO phase-locking to WWB, 
the monthly mean of WWB events were calculated over the tropical Pacific for the period between 
1961 to 2017, as shown in Figure 4 (Top).  It was found that WWB occurrences indeed tend to 
peak in January and increase gradually from September onward. Typically, WWBs occur more in 
between January and March than in other months, and their amplitudes are also stronger during 
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that time, suggesting the role of WWBs in ENSO phase locking. In addition, there were very few 
WWBs in June, July and August.  
  This work focuses on the WWBs impact on ENSO by using a hybrid coupled model. In the next 
section, I describe the construction of hybrid model and WWB parameterization scheme. In the 
same section, I briefly describe the neural network model, which has been used to reconstruct the 
wind stress from a statistical atmosphere model. 
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Figure 2:Time–longitude monthly SSTA (°C) averaged between 5°N and 5°S in shades and the 
location of the central WWB longitude in circles. 
 
15
 
Figure 3: Longitudinal distribution of WWB occurrence numbers for the entire analysis period of 
1961-2017. 
 
 
 
Figure 4: Monthly Distribution of WWBs occurrence (Top) and amplitude (Bottom) over the 
tropical Pacific 
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3 HYBRID COUPLED MODEL 
 
The hybrid coupled model (HCM) consists of a nonlinear neural network atmospheric model (Tang 
2002) coupled to a dynamical ocean model of the tropical Pacific (Balmaseda et al., 1994). In the 
coupled atmosphere‐ocean system, the ocean model has long‐term memory in the system, while 
the atmospheric model uses a steady-state statistical model due to fast adjusting components of 
atmosphere to oceanic components, such as sea surface temperature (SST) and heat content (HC). 
The type of HCM presented here is based on the hypothesis that for monthly or longer time scales, 
correlation between wind stress and SST or HC is associated with the atmosphere’s fast non-local 
adjustment to the SST or HC anomaly patterns throughout the basin. The most important 
advantages of using an HCM are: (1) easy to understand coupling mechanisms; (2) the climate 
drift problem in a complex coupled model is avoided, and (3) an HCM consists of a ocean model 
to a simple atmospheric model, allowing a large number of experiments can be performed (Zhang 
et. al., 2005). 
  The goal of this chapter is to build one coupled model, i.e. intermediate complexity dynamical 
ocean model with a statistical atmospheric model for ENSO. This chapter is structured as follows: 
Section 3.1 briefly describes the intermediate dynamical ocean model and its performance of 
SSTA simulations in the tropical Pacific Ocean, Section 3.2 is an empirical atmospheric model 
with nonlinear neural network, and Section 3.3 deals with the westerly wind burst parameterization 
scheme. 
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3.1 Ocean Model 
The ocean model used in this study is of intermediate complexity, identical to the ocean model 
used in Tang (2002). It is based on the primitive equation model with six active layers. The model 
uses an Arakawa C grid layout with a resolution of 1.5° x 1.5° and a parameterization of 
entrainment at each layer to allow the exchange of mass, heat, and momentum. The model covers 
the tropical Pacific from 30°S to 30°N in latitude and 123°E to 290°E in longitude. The time step 
of integration is two hours, and all boundaries were closed, with no-slip conditions.  
  The ability of the ocean model to account for the interannual variability of SST is investigated by 
forcing the ocean model with reanalysis ECMWF wind stress during the period of January 1961 
to December 2017. The model was initialized with monthly climatology and spun up for 100 years 
using the monthly reanalysis wind stress and heat flux Φs as forcing fields. Surface heat flux is 
calculated by combining the monthly climatological heat flux (Φ0), which is obtained from the 
ECMWF reanalysis with the observed climatological SST: 
Φs = Φ0 + λ(T-T0)                      [2]  
where T0 and Φ0 are the monthly climatological SST and heat flux, T is the model SST, and λ 
controls the rate of relaxation to the observed SST. 
  After the 100-year spin up by seasonal forcing, the modeled seasonal climatology was obtained. 
A 57-year model control run was conducted with forcing by the ECMWF wind stress from January 
1961 to December 2017. The initial state of integration is taken the December of the model 
seasonal cycle. The modelling skill is investigated by comparing model outputs against 
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observations. The equatorial Pacific Ocean domain is also divided into several Nino SST indices, 
which has been used to monitor the ENSO (Figure 5).  
 Figure 6 shows the 5-month running mean SST anomaly time series for the model, and 
observation with the correlation coefficient (CC) over the different Nino regions. It shows the close 
agreement between the model and observations over the entire period of 1961–2017. As shown in 
Figure 7a, the largest RMSE values appeared in the eastern Pacific, while the RMSE is 
considerably lower in the remainder of the basin, with typical values between 0.3 to 0.6 °C. The 
correlation skills of the model SSTA against observed counterpart is shown in the Figure 7b. The 
result indicates that there is a good correlation skill in the equatorial Pacific, with the typical values 
between 0.6 to 0.9. Overall, these results suggest that the ocean model can simulate SST anomalies 
well in the tropical Pacific Ocean.  
 
Figure 5: Location of Nino Indices in equatorial Pacific. 
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Figure 6: Time evolution of SSTA from the ocean model (red), observation (black) and 
correlation coefficient (CC) between model and observation (top on the plot) in Nino indices. 
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Figure 7: RMSE (a) and CC (b) between model SST and observation SST. 
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3.2 Statistical atmosphere model 
 
For constructing the statistical atmosphere, an empirical orthogonal function (EOF) was performed 
on the monthly mean SST anomaly and wind stress anomaly, mathematically expressed as:  
T(x,y,t) = ∑αn(t).en(x,y)                      [3] 
τ(x,y,t) = ∑βn(t).fn(x,y)                       [4] 
where n is the number of modes, T is the SST anomaly, α is a principle component of SST, e is 
the spatial structure of SST, τ is the wind stress anomaly, β is a principle component of wind stress 
and f is the spatial structure of SST. A detailed introduction to this HCM can be found in Tang et 
al, (2001). In order to understand the construction of atmospheric model, an EOF is performed on 
monthly SST anomalies and zonal wind stress anomalies between 1961-2017. Figure 8 shows the 
leading three EOF eigenvectors for the SST (a, b, c) and zonal wind stress (d, e, f), indicating that 
the leading three SST eigenvectors consist of basin-scale patterns of SST anomalies. Furthermore, 
the figure depicts the first three EOF structures of zonal wind, showing the positive anomalies in 
the western-central tropical Pacific with the maximum amplitude close to south of the equator. The 
first 3 EOF modes of SST explain 61% of total variance, with the first mode explaining 42.6%.  
For the zonal wind stress dataset, the first 3 EOF modes explained greater than 55% of the total 
variance, with the first mode explaining 34.6% of total variance in tropical Pacific. It must be noted 
that before the EOF analysis, a 5-month running mean on zonal wind datasets was performed. The 
first three modes of zonal wind stress show the strong positive anomalies over the western Pacific 
and are strongly associated with the SST anomalies in the tropical Pacific. To construct the 
atmospheric model, Tang et al. (2001) used the first three EOF modes of SST anomaly (time series) 
as predictors and the first three EOF modes (time series) of wind stress (zonal and meridional) as 
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a predictands in the neural network model. A neural network model was performed to extract the 
nonlinear relation in the data rather than a linear regression model.   
 
Figure 8: Three leading EOF modes of observed SSTA and zonal wind in the tropical Pacific 
over the period of 1961-2017. 
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3.3 Neural Network Model 
 
A neural network (NN) is a mathematical model which can describe complicated nonlinear 
relations in data (Hsieh and Tang, 1998). The most common neural network is in the form of a 
three-layered, feed-forward network with a layer of input variables, a layer of output variables, 
and a layer of hidden neurons. In a feed-forward neural network, the layers between the input 
variables and the output variables are called hidden layers and usually hold nonlinear 
characteristics. The weighted information at each layer is obtained from the hidden and output 
layer. Then a bias term is added to the total weighted information to produce the output through a 
transfer function. The hyperbolic tangent function is used as the transfer function in the hidden 
neuron, and the network training algorithms are used to optimize the free parameters of the 
network. The feed-forward neural network is shown in Figure 9, and the hyperbolic transfer 
function can be written as:  
yj = tanh(∑wijxi + bj)                   [5] 
where yj is the jth hidden neuron value, xi the ith input values, wij the connection weight ith input 
and jth hidden neuron and bj the bias values at the jth hidden neuron. 
The output of neuron is given by: 
  z = ∑ j yj +                            [6] 
J = {(z - zobs)
2}                         [7] 
where J is a cost function to measure the mean square error between the model output z and the 
observed data zobs. The NN model is trained by optimizing the weight (wij,  j) and the bias (bj,   ) 
parameters of each neuron to produce better results as the cost function is minimized. Tang et al. 
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(2001) used three input neurons from the first three EOF time series of model SST.  The output of 
single wind stress (zonal or meridional) EOF time series was obtained from the separate network, 
which was used to predict the individual wind stress modes. A total of 25 NNs with random 
parameters were created, and then combined them to produce improved results by using ensemble 
method. 
 
 
 
 
Figure 9: An example of feed-forward Neural Network with one hidden layer. 
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3.4 Westerly wind burst model 
 
The WWB parameterization scheme considered here is semi-stochastic (Gebbie et al., 2007). The 
scheme represents both the stochastic and deterministic fundamentals of WWBs.  In the semi-
stochastic scheme, WWBs increase with warm pool extent and the probability of occurrence, 
defined as: 
 ( ) =          =
  
 
 ×     ℎ  
(         ) 
  . 
   + 1.0                    [8] 
where       is the warm pool edge (28.5 °C isotherm) and    is a constant value of WWB 
occurrence probability. A WWB event is triggered only if P(t) is larger than a random number 
between 0 and 1. Several observation evidences showed that zonal westerly wind speed can be 
represented by Gaussian structure in spatial and temporal variation (Luther et al., 1983; Fasullo 
and Webster 2000; Yu et al., 2003; Eisenman et al., 2005). The WWB zonal wind stress can be 
defined as: 
   =   exp  −
(    )
 
  
−
(    )
 
  
  −  
(    )
 
  
                                        [9] 
where   is the maximum wind stress magnitude during WWB event sustained two or more days, 
    is the time of maximum amplitude wind,    is a duration event,     and     are the central 
longitude and latitude of the wind event, and    and    are the longitudinal and latitudinal extent. 
The above variables are used as a trigger for WWBs. 
Using the WWB definition and the observed data from 1961–2017, a total of 303 WWB events 
were identified as discussed in section 2.2. For each WWB, one can retrieve the values of its 
amplitude, the edge of warm pool, and other parameters from observations. Thus, the climatology 
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is obtained for each parameter by averaging all WWB events (Table 1). A comparison reveals that 
these values shown in Table 1 are very similar to those used in previous research (Eisenman et.al, 
2005; Gebbie et al., 2007).     
 
Table 1 : Observed climatology for each of the seven parameters. 
WWB Parameters Symbol Values 
 
Magnitude 
 
 
A 
 
0.15 N/m2 
Central longitude 
 
X0       –  25 
Central latitude 
 
Y0 0 
Longitude extent 
 
Lx 20
○ 
Latitude extent 
 
Ly 0
○ 
Duration T 
 
6 days 
Warm pool edge SST ϕpool  
 
28.5 
WWB probability day-1 P0 0.06 
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4 THE COUPLING STRATEGY 
 
Both the zonal and meridional winds stress is decomposed for the construction of the atmospheric 
model. For zonal wind stress, the WWB is added and expressed as: 
   =      +      +                          [10] 
Where,     is the zonal wind from the atmospheric model,      is the spatial and temporal zonal 
winds burst from the WWB parameterization scheme and       is the seasonal climatology. The 
meridional wind is the same as Eq. [10] except missing the WWB wind anomaly field. Figure 10 
shows the schematic diagram of the coupling process: 
 
 
 
 
 
 
                                                                                                                                                                                                                                                                
                                                                       Used as predictor in Atmospheric model  
 
 
 
     Reconstructed wind Anomalies              + Climatological wind + WWBs wind  
 
 
 
 
Figure 10: A schematic representation of coupling strategy for the coupled model. 
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In this section, two sets of experiments are conducted using the HCM: first is a control run of 100 
years with no prescribed WWBs, and second is a forced run with prescribed WWBs, where the 
parameterization scheme described above is implemented. For a comprehensive examination of 
the WWBs parametrization impacts on ENSO features, this section is divided into four parts. 
Section 4.1 deals with the results of the coupled model and WWB parameterization scheme, 
especially on the climatological response. Section 4.2 discusses the impacts of WWBs on ENSO 
evaluation. The effect of modulated WWBs on ENSO asymmetry is analyzed through the Niño 3 
index in Section 4.3.  In the last section, 4.4, the WWB effect on ENSO diversity and possible 
physical mechanisms is discussed.  
4.1 HCM Simulations   
 
Figure 11 presents the observed SST climatology during 1978-2017, the HCM SST climatology 
average over the last 40 years from the control run, and the average from the forced run. The results 
show that the forced and control runs could replicate the observed climatology in both spatial 
pattern and amplitude. For further comparison, the difference between observation and model SST 
climatology is shown in Figure 12. In the forced run (Figure 12b), the simulated SST anomalies 
are considerably higher than observation in the western and eastern Pacific, which is absent in the 
control run (Figure 12a). This result indicates that the effects of WWBs modulated by positive 
large-scale SST anomalies in the model favor the warm phase of ENSO. In addition, the simulated 
SST climatology is calculated over the Niño 3.4 (5oS-5oN, 190oE-240oE) and Niño 4 (5oS-5oN, 
160oE-210oE) (Figure 13). The figure shows that the forced run is in good agreement with 
observation. Overall, these results suggest that WWB parameterization could provide an important 
contribution to the simulated SST climatology. 
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Figure 11: Climatology SST (°C) during 1998-2017: (a) observation, (b) control run, (c) forced 
run for last 40 years run. 
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Figure 13: Climatology SST (°C) over the Niño 3.4 and Niño 4 region. 
Figure 12: The difference SST climatology (°C) in (a) Control – Observation 
and (b) Force - Observation. 
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4.2       Impacts of WWBs on ENSO evolution  
 
To explore the role of WWBs in the ENSO, the time-longitude diagrams of SST anomalies and 
wind stress anomalies averaged over the 5°S to 5°N are obtained, both from the control and forced 
run of last 40-year run, respectively (Figure 14). The figure shows that the model can capture 
warming in the forced run over the central Pacific. This warming continues to grow while WWBs 
gradually extend to the warm pool edge eastward. Due to Bjerkness feedback, the zonal wind stress 
anomaly in the forced run is strengthened in the western Pacific and migrates eastward and the 
eastern Pacific produces stronger positive SST anomalies. These findings are consistent with 
observation analysis and those in Gebbie et al. (2007), where they found eastward migration of 
warm pool edge caused by WWBs can trigger a warming in the central and eastern Pacific Ocean. 
In contrast, such prominent warming does not appear in the control run.  
  Further, a composite analysis of El Niño and La Niña events was performed during model 
integration of last 40 years. El Niño and La Niña are defined when the SSTA threshold met greater 
than 0.5oC and less than -0.5oC for five consecutive months. Spatial distribution of the averaged 
composite SST anomalies for warm and cold phases are shown in Figure 15. In the forced run, the 
warm phase exhibits stronger SST anomalies than in the control run over the equatorial central and 
eastern Pacific, with a maximum difference of about 0.6oC. In contrast, the cold SST anomalies 
are only little changed in area in cold phase under the same WWBs parameterization scheme. 
However, the amplitudes of SST anomalies are also stronger in the forced run. One possible 
explanation for this result is that stronger warm phase causes stronger cold phase due to 
discharge/delay-oscillator mechanism where the discharge of equatorial heat content plays a role 
in transition phase. Overall, the spatial patterns of SST anomalies were affected by WWB 
components in model. In general, during the warm phase, WWBs increased the strength of SST 
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anomalies in central Pacific and shifted the positive SST anomalies eastward. The stronger El Niño 
SSTA amplitude in the forced run suggests that the parameterized WWBs could improve the 
simulation of Eastern Pacific El Niño, in particular the extreme El Niño events. 
Figure 14: Time evaluation of zonal wind stress anomaly (TAUXA a, b) and SSTA (c, d) in 
control run (top) and forced run (bottom) over the last 40 years run. 
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Figure 15: The composite analysis of ENSO warm and cold phases in (a, d) control run, (b, e) 
forced run, and (c, f) difference between forced and control runs (Forced-Control). 
 
Furthermore, the difference of amplitude associated with ENSO Indices during the developing and 
decaying phases of El Niño and La Niña are shown in Figure 16 (a, b, and c) and Figure 16 (d, e, 
and f), respectively. To compare the forced run simulations with the control run, three Indices from 
the model simulations are defined. These Indices are averaged SST anomalies over Nino 3 
(150°W–90°W), Nino 3.4 (170°W–120°W), and Nino 4 (160°E–150°W). Over Nino 3, 3.4, and 4 
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regions, it is clear that the simulation of SSTA amplitude is substantially greater in forced run than 
the amplitude in the control run during the developing and decaying phases of El Niño (Figure 16 
a, b, and c). In contrast, the amplitudes during La Niña are slightly changed in these regions (Figure 
16 d, e, and f). This clearly shows that the WWBs parameterization scheme has not impacted the 
cold phase of ENSO much, since there are very few WWBs during cold events. Results indicated 
that the WWBs strongly contributed to warm events, which are consistent with previous findings 
from Fedorov et al. (2015).    
 
Figure 16: Nino SST Indices (Nino 3.4, Nino 4, and Nino 3) evolution of composite El Niño and 
La Niña events during its developing year and decaying year. 
 
35
As discussed above, results showed that WWBs in model simulation affect amplitude and eastward 
propagation of SST anomalies. The phase locking is an important feature of ENSO, namely that, 
El Niño is phase locked to the seasonal cycle, such that the SST anomalies peaks tend to occur 
during the boreal winter. Figure 17 is a composite of El Nino events in the last 40-years run to 
show the role of WWBs in ENSO phase locking.  As shown in this figure, there is notable 
difference in phase locking between the forced run and control run. For example, the larger central 
and eastward Pacific SST anomalies occur in the forced run from January to April (Figure 17d), 
which are close to the observations. However, in the case of the control run (Figure 17b), the 
largest warming over these regions appears to be three months later than in the forced run. The 
result presented here indicates that the WWB parameterization plays an important role in a 
reduction of bias towards the phase locking in the forced run with respect to control run. 
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Figure 17: El Nino composite zonal wind stress anomaly (TAUXA a, c) and SST anomaly (b, d) 
in the control (left) run and forced (right) run. 
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4.3       Impacts of WWBs on ENSO asymmetry 
  
Several studies show that asymmetry exists between warm and cold phases of the ENSO. To 
further explore the role of WWBs in ENSO asymmetry, histograms of the Niño 3 index are plotted, 
where Niño 3 index is a three-month running mean of SST anomalies in the Niño 3 (5°N-5°S, 
150°W-90°W) region. As shown in Figure 18, the observed occurrence of warm events is more 
frequent than cold events with a skewness value of 0.99. For the control run, the skewness value 
is 0.24, indicating that the standard HCM has failed to represent well ENSO asymmetry. In 
contrast, the value of skewness is 0.47 in the forced run, indicating that the model with prescribed 
WWBs improves the simulation of ENSO asymmetry. For warm events, the occurrence of extreme 
positive SST events is better in the forced run than in the control run compared to observation; 
however, both simulations miss the normal positive SST events in the Niño 3 region. For cold 
events, both simulations overestimate the extreme negative SST events. In addition, there are some 
prominent differences between the forced run and control run simulations. For example, the value 
of standard deviation is larger in the forced run, suggesting an increase in warm and cold events. 
As shown in previous results, WWBs occur more during the development of the warm phase of 
ENSO and can significantly enhance the SST anomalies in the equatorial eastern Pacific. As a 
result, the forced run produces more positive SST anomalies over the Niño 3 region. Overall, there 
are some significant changes in the ENSO phases, but it appears that both simulations fail to 
capture the normal events occurrence in concordance with observation. In the next section, how 
the parameterized WWBs affect ENSO diversity and its spatial characteristics are examined.  
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Figure 18: Histograms of the Niño 3 index from observations, control run and forced run. 
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4.4         Impacts of WWBs on ENSO diversity 
 
Several studies recognized two different types of El Niño, based on spatial pattern of SST 
anomalies in the equatorial eastern and central Pacific Ocean (Ashok et al., 2007; Kao and Yu, 
2009). One is the Eastern Pacific El Niño (EP-El Niño), and the other is the Central Pacific El 
Niño (CP-El Niño). During an EP- El Niño event, the maximum SST anomalies occurs in the 
eastern Pacific, while a CP- EL Niño achieves maximum SST anomalies in the central pacific. 
Recent studies of Fedorov et al. (2014) and Chen et al. (2015) show that a superimposed WWB in 
coupled models plays an important role in ENSO diversity and can produce the different varieties 
of El Niño, such as strong EP events and weak CP events. Therefore, in order to examine the effect 
of WWBs on ENSO diversity explores further. 
  To identify the different types of El Niño, a Rotated Empirical Orthogonal Function (REOF) 
analysis is performed for the tropical Pacific SSTA from the observation, control run and forced 
run SST anomalies. REOF analyses are often used to study spatial patterns of SST anomalies and 
maximize the first three leading EOFs. As shown in Figure 19, the first and second leading REOF 
modes of the tropical Pacific SST anomalies clearly represent the EP and CP El Niño in the 
observation for the 1961-2017 period. In the forced run, both modes can accurately generate the 
spatial pattern and amplitude in the equatorial eastern Pacific and central Pacific, with amplitudes 
slightly greater than the counterparts of the control run.  Overall, the parameterized WWB scheme 
introduced in the forced run improved the REOF distribution of SST in the eastern equatorial 
Pacific and strengthened the warm pool in central Pacific. 
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Figure 19: The two leading REOF modes of the tropical Pacific SST anomaly (deg C) in the 
observation (a, d), control run (b, e), and forced run (c, f). 
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4.5        Physical processes in model.   
 
To understand the physical processes in the model, a heat budget analysis is performed on SST 
anomalies over the equatorial tropical Pacific as in (Jin et al., 2003).  The change in temperature 
anomaly with time can be decomposed as:  
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Where u,v,w and T represent the average zonal velocity, meridional velocity, vertical velocity and 
temperature from surface to 50 m depth. Whereas,    and     denotes the net surface heat flux 
and the residual term. Overbars and primes imply the monthly mean climatology and anomalies. 
The terms −    
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  and −    
  
  
   are anomalous zonal and meridional advection. The −  
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denotes the anomaly and mean vertical advection.  
  Lian et al. (2017) studied the genesis of the 2014–2016 El Niño events, suggested that the weak 
2014 event had two warming phases. First, warming was caused by zonal advection and 
downwelling Kelvin waves driven by WWBs during spring and summer. Whereas, warming 
occurred in autumn-winter mainly driven by surface heat flux, meridional advection and 
downwelling Kelvin waves. On the other hand, the extreme 2015/2016 event was largely an effect 
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of continued zonal advection and downwelling Kelvin waves driven by a series of WWBs. The 
enormous changes in physical processes during this event motivate us to further investigate the 
role of WWBs. 
  Comparison between the control and forced run is shown in the Figure 20. In the forced run, 
results indicate that when the zonal wind stress anomalies are strengthened in the western Pacific, 
the central Pacific accomplishes enhanced zonal advection and associated with the warm SST 
anomalies for the development in the central Pacific. On the other hand, vertical advection is 
greater in the eastern Pacific when the zonal wind stress anomalies are shifted to the east. The 
contribution of vertical advection is associated with the stronger SST anomalies in the eastern 
Pacific. In contrast, the difference of meridional advection between the forced and control run is 
negligible over the equatorial Pacific. These results are consistent with reported works found in 
other models. For example, Lian et al., (2014) used Cane-Zebiak model (Zebiak and Cane, 1987) 
and found that zonal advection is manly responsible for the development of CP- El Niño whereas 
all three advections are important for the EP- El Niño  
   To further illustrate the role of WWBs in the heat budget terms, we compute each advection term 
averaged over Niño 3.4 during the development, mature and decay of EP and CP El Niño for forced 
run (Figure 21). During the development of CP El Niño, the main contributor is zonal advection, 
which peaks in boreal winter. Zonal advection is maximum due to strong zonal current in the 
central equatorial Pacific driven by WWBs whereas the contribution of meridional and vertical 
advection is negligible. On the other hand, for the EP El Niño, the contribution of vertical 
advection is maximum whereas the meridional advection is slightly contributed whereas zonal 
advection seems insignificant. 
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Figure 20: El Nino composite zonal wind stress anomaly, SST anomaly, zonal, meridional and 
vertical advection in the control (top) run and forced (bottom) run. 
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Figure 21 : Heat budget during CP El Nino (left) and EP El Nino (right) based on forced run 
during onset, development and mature phases. 
 
 
 
 
 
 
 
 
 
 
 
45
5 ENSO PREDICTION  
 
In chapter 4, two sets of experiments using the HCM were discussed, together with their impacts 
on ENSO features. The implementation of WWBs improved the important aspects of ENSO, such 
as ENSO evolution, asymmetry, phase locking, and diversity (EP- and CP- El Niño). These results 
suggest an improvement in ENSO prediction. In this chapter, the ENSO prediction using HCM 
with a WWB parameterization is analyzed and compared to the control run without WWBs.  
  This chapter is organised as follows: Section 5.1 briefly describes the experiment setup for ENSO 
prediction using HCM. Section 5.2 discusses the prediction skill for the two models ENSO 
predictions; when the WWBs are included in HCM and when the WWBs are not included in the 
control run.  Discussion of the prediction skill of El Niño is included in Section 5.3.  
5.1 Experiment Setup for ENSO prediction  
 
The prediction experiments in this study were performed with the standard HCM. Two sets of 
prediction experiments were made: (i) the control run (HCM is run without a WWB model), and 
(ii) the forced run (HCM is run with a WWB parameterization). Here I focused on the sea surface 
temperature anomaly (SSTA) predictions for lead times from 1 to12 months. The ocean model is 
forced with the climatological monthly ECMWF wind stress plus the wind stress anomalies to 
produce the initial conditions of predictions. The prediction was initialized at every calendar month 
from January to December between 1990 and 2017 for both experiments.  The goal of this chapter 
is to investigate the WWB parameterization in the ENSO prediction model.  
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5.2 SSTA prediction skill 
 
To evaluate the prediction skill, the anomaly correlation coefficients (ACC) and the root-mean-
squared error (RMSE) between the observations and the prediction (with and without the WWB 
model) were calculated as a function of lead month. Figure 22 compares the correlation skills of 
the SSTA between the two experiments. The results shown in Figure 22 indicate that the WWB 
model had better skills than the control run at all lead months. In addition, at 3–12 lead months, 
the WWB model’s forecast skill in the central Pacific is significantly improved as compared to the 
model without WWB. This result showed the quality of the forecast spatial pattern between the 
observed and model anomalies. In order to examine the agreement in amplitude anomalies, the 
root-mean-squared error (RMSE) is calculated between the observed and forecast anomalies at 3, 
6, 9 and 12 lead months (Figure 23). The figure shows the RMSE in SST anomalies between the 
forced run and the control run, clearly separating the impact of WWBs parameterization. The 
RMSE is considerably higher in the eastern Pacific for all lead months in the control run. In 
addition, when adding WWB into the model, the RMSE decreased in the equatorial central and 
eastern Pacific. This result is in accordance with the results discussed in Chapter 4, namely, the 
implementation of WWB in the model significantly improved the simulation of the amplitude of 
ENSO. 
  In order to further quantify the performance of forecast skills, I looked at each lead month, based 
on Niño 3.4 SSTA, and analyzed the forecast skills of the control run and the forced run. Figure 
24 shows the correlation coefficient (left) and the RMSE (right) of Niño 3.4 during 1990-2017 as 
a function of lead months. WWB model forecasts have slightly smaller RMSE than non-WWB 
model. In contrast, the correlation coefficient shows a significant improvement in the forecast skill 
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by the WWB model, especially after the 6-month lead. Overall, these results indicate that WWB 
parameterization could provide an important contribution to ENSO predictability. 
 
Figure 22: Correlation coefficient for the predictions of SST anomalies over the tropical Pacific 
for the forecast period from 1990-2017 in the control run (left) and forced run (right) for lead 
times of 3,6,9, and 12 months. 
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Figure 23: RMSE(°C) for the predictions of SST anomalies over the tropical Pacific for the 
forecast period from 1990-2017 in the control run (left panel) and forced run (right panel) for 
lead times of 3,6,9, and 12 months. 
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Figure 24: CC (left panel) and RMSE (°C) (right panel) skills of the predicted Niño 3.4 SST 
anomalies in forced run (red) and control run (black) for the forecast period 1990-2017. 
 
5.3 ENSO prediction skill 
 
In the previous section, I presented the forecasts skills of the control run and the forced run in 
general. In this section, I examine the model’s ability to predict the typical ENSO events. This is 
especially important for this study because the WWBs occur more frequently during the onset and 
developing of El Niño events. The results presented in Chapter 4 suggest that the WWB model 
produces more El Niño events than the non-WWB model, and the WWB model is skewed toward 
El Niño events. In contrast, no significant impact of WWBs is found during La Niña events in the 
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WWB model. Therefore, one may expect that the WWB parameterization will have stronger 
impact on the predictability of El Niño events than that of La Nina.  
To investigate how the WWB parameterization affected the predictability of El Niño events, the 
composite of SST anomalies for the ten El Niño from 1990 to 2017 period (i.e. shown in the Table 
2). The average SST anomalies for these events are shown in Figure 25. The observations show 
that positive SST anomalies occurred in eastern and central Pacific. The same 10 El Niño events 
are modeled and used to compute the average SST anomalies for forced and control model (Figure 
26). The composite of SST anomalies (differences between the forced run and the control run) 
shows that the WWB model is in good agreement with observation patterns (Figure 23, right). The 
forecast’s SST anomalies is improved warming in eastern and central Pacific for each lead month. 
It also suggested that the WWB parameterization strongly contributed to the forecast’s El Niño 
events amplitude, as indicated in Chapter 4. These results are consistent with the results found in 
some similar works on the improvement of ENSO prediction by WWB. For example, Lopez et al. 
(2014) introduced a parameterization into a coupled general circulation model and showed that the 
modulation of WWBs by the SST significantly increased the amplitude of ENSO warm events 
than the prediction system without WWBs. However, the improvement shown in this study seems 
more impressive than reported.  
The above results indicate that the prediction experiment with WWBs can predict El Niño 
events amplitude quite well, but the role of WWBs in forecast skill during El Niño events remains 
to be explained. For this purpose, CC and RMSE are calculated between the observations and the 
models (Figure 27) in the same format as Figure 24, but only  
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    Table 2 : El Niño, EP El Niño and CP El Niño events are identified in observation during the 
period of 1990-2017. 
El Niño Year EP El Niño Year CP El Niño Year 
1991-92,1992-93,1994-
95,1997-98,2002-
03,2004-05,2006-
07,2009-10,2014-
15,2015-16 
1997-98,2006-07,2015-
16 
1991-92,1992-93,1994-
95,2002-03,2004-
05,2009-10 
 
 
Figure 25: Composite of SST anomalies during warm events over the tropical Pacific in 
observation during the period of 1990-2017. 
for El Niño events between 1990 and 2017. The forced run showed significantly higher correlation 
coefficient and smaller RMSE than the control run, especially at lead times longer than four 
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months. One possible explanation is that the WWB model, during El Niño events had larger 
amplitude than the model without WWB. Based on these results, the high correlation coefficient 
and the small RMSE of SST anomalies during El Niño events suggests that the WWB model is in 
good agreement with the observed SST anomalies patterns in the Niño 3.4 region. 
 
Figure 26: Composite of SST anomalies during warm events over the tropical Pacific for the 
forecast period from 1990-2017 in the control run (left panel), forced run (middle panel), and 
difference (right panel) for lead times of 3,6,9, and 12 months. 
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Figure 27: CC (left panel) and RMSE (°C) (right panel) skills of the predicted Niño 3.4 SST 
anomalies during warm events in forced run (red) and control run (black) for the forecast period 
1990-2017. 
 Thus, my findings presented here have important implications for ENSO dynamics predictability. 
It has shown considerable success in the WWB parameterization formulation for my model. The 
agreement has raised hopes that the model can produce better forecasts for the diversity of ENSO, 
especially CP-El Niño and EP-El Niño. In addition, some authors have suggested that the inclusion 
of WWBs can enhance the diversity of ENSO variability using coupled models (Lopez et al., 2013; 
Lian et al., 2014; Fedorov et al., 2014; Chen et al., 2015). For example, Lian et al. (2014) found 
for a strong CP-El Niño event, the WWB can significantly enhance the warming in the central and 
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eastern Pacific through the zonal advective feedback. Therefore, I further explored the effect of 
parameterized WWB on the ENSO diversity in prediction experiments. 
  To obtain the CP and EP types of El Niño, the same methods as in Lian et al., (2014) are defined; 
namely, the CP El Niño events were  defined by the mean of SST anomalies in the region (5°N-
5°S,175°W-155°W), when its value is greater than 0.5°C for at least three consecutive months. In 
contrast, the EP events were defined by the mean of SST anomalies in the region (5°N-5°S, 
110°W-90°W), when the threshold met is greater than 0.6°C for at least six consecutive months. 
Table 2 shows that three of the observed events are EP El Niño and seven of the events are CP El 
Niño. Figure 28 presents the average SST anomalies during the EP type of El Niño and the CP 
type of El Niño. In the EP- El Niño events, the maximum SST anomalies in the eastern Pacific 
(mostly in Niño 3 region and a small amount of positive SST anomalies near to Niño 4). Whereas, 
the maximum SST anomalies are confined in the central Pacific during the CP- El Niño events. To 
describe the predictability of types of El Niño, the differences in the composite of predicted SST 
anomalies between the forced run and the control run are compared in Figure 29 for the EP- El 
Niño and CP- El Niño events at 3, 6,9 and 12 lead months. In the EP- El Niño events, the predicted 
SST anomalies in the western and the central equatorial Pacific were slightly different in both 
models, although maximum SST anomalies warming occurred in the eastern Pacific. This result 
indicated that the WWB model, produced larger positive SST anomalies than the control run 
during the EP- El Niño events, which is consistent with classic EP- El Niño characteristics and the 
observation studies (Ashok et al., 2007). In contrast, during the CP- El Niño events, the maximum 
SST anomalies were identified in the central Pacific, indicating the strong impact of the WWB 
model on the CP- El Niño events.          
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Figure 28: Composite of SST anomalies over the tropical Pacific for the period of 1990-2017 in 
observation during EP El Niño events (top panel) and CP El Niño events (bottom panel). 
  To further demonstrate the effects of WWBs on ENSO diversity, Figure 30 compares the forecast 
skill of the models in Niño 3.4 for the EP- El Niño and CP- El Niño events. The forecasts for the 
both models had similar skills up to five months during the EP- El Niño events. However, there 
was a distinct difference between the forced run and the control run in correlations beyond the 5-
month lead time. At the 12-lead month, the correlation of the forced run was still above 0.55 and 
was approximately 0.1 higher than the control run. Conversely, during the CP- El Niño events, the 
correlations of the forecasts were significantly higher for the forced run than for the control run 
after the 2-month lead time. Additionally, the RMSE of the forecasts were smaller for the forced 
run than for the control run. Overall, the implementation of WWB in the prediction experiment 
improved the forecast skill of ENSO diversity.                      
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Figure 29: Composite of SST anomalies over the tropical Pacific for the forecast period from 
1990-2017 in the difference (Forced – Control run) for lead times of 3,6,9, and 12 months during 
EP El Niño events (left panel) and CP El Niño events (right panel). 
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Figure 30: CC (left) and RMSE(°C) (right) skills of the predicted Niño 3.4 SST anomalies in 
forced run (red) and control run (black) during EP El Niño events (top panel) and CP El Niño 
events (bottom panel) for the forecast period 1990-2017. 
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6      CONCLUSIONS  
 
WWBs are a synoptic- scale atmospheric disturbances, which occur more during the onset, 
development and mature phase of warm ENSO. It has been reported in some models that WWBs 
parameterization scheme may help to improve the ENSO features and prediction since WWBs are 
associated with each warm phase of ENSO. To examine the model sensitivity, this study used an 
HCM to investigate the impact of WWBs on ENSO. For this purpose, two sets of numerical 
experiments were conducted. First, the standard version of the HCM are integrated for 100 years 
without including the WWB parameterization scheme i.e. control run. Second, the WWB 
parameterization scheme are added into the HCM i.e. forced run.   
6.1   Major findings 
 
In Chapter 2, based on the observation data sets from 1961 to 2017, it is found that WWB events 
are associated with every warm phase of ENSO and located west of the date line. Moreover, 
WWBs become longer, stronger, and more frequent, and they tend to move eastward during the 
mature phase of the El Niño event, especially during extreme events in 1982-1983, 1997-1998, 
and 2014-2015. In addition, the occurrence of WWBs are found to be more frequent in fall and 
winter but infrequent during spring and summer. WWBs gradually increased from September and 
peaked in January. It is concluded that WWB characteristics such as occurrences, timing, and 
amplitude is associated with the basic features of ENSO.  
  The construction of standard HCM and WWB models are addressed in Chapter 3. The HCM 
consists of ocean and atmospheric models. The ability of the ocean model has been investigated 
by forcing with reanalysis ECMWF wind stress during 1961-2017. The CC of SST anomalies 
shows that model is in good agreement with observation over the different Niño regions. 
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Moreover, the most promising correlation is found in the Niño 3.4 region, which is about 0.83. 
Additionally, the RMSE and CC of SST anomalies are performed between the model and 
observational data over the tropical Pacific Ocean to examine the point to point model 
performance. Results show that the largest RMSE appears in the eastern Pacific near the cold 
tongue, which is a common bias in most models. However, the remainder of the basin shows 
significantly less RMSE biases between 0.3 to 0.6°C, whereas the correlation skill is found 
between 0.6 0 to 0.90 in the equatorial tropical Pacific. The same WWB parameterization scheme 
is used in the present study as the scheme proposed by Gebbie et al. (2007), with slight 
modification. Sensitivity experiments are performed to select the WWB parameters in model. 
Before adding the WWB parameterization scheme into the model, a neural network (NN) is used 
to predict the wind stress from the ocean model. A hybrid coupled model with a prescribed WWB 
parameterization scheme aimed to simulate SST was formulated in Chapter 3.  
  Chapter 4 of this thesis investigates the impacts of WWBs on the ENSO features. Results shows 
that the WWB model can produce the realistic climatology SST, but some biases still exist in the 
eastern Pacific near to the cold tongue. Also, it is found that WWBs in model exhibit positive zonal 
wind stress anomalies in western pacific and shift to eastward, inherent to the eastern Pacific 
produces stronger positive SST anomalies. This result confirms the role of WWB in SST over the 
tropical Pacific. Further analysis of El Niño events show that SST anomalies span larger region in 
the equatorial central and eastern Pacific in the forced than control run than in the control run.  The 
control run failed to represent the asymmetric distribution with very low skewness value in 
comparison with observation. Conversely, the forced run produced the realistic asymmetric 
distribution with much larger skewness value. In addition, ENSO phase locking to the seasonal 
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cycle is improved in the forced run, where the stronger positive SST anomalies exhibits in the 
central and eastern Pacific from January to April, which is close to the observation.  
  ENSO diversity has been improved by adding WWBs into the model, especially in warming 
region. The control run fails to produce the CP El Niño and the weak EP El Niño. In contrast, the 
forced run can accurately generate the spatial pattern and amplitude in the equatorial eastern and 
central Pacific. To further investigate physical processes responsible for WWBs impact on ENSO 
diversity, the heat budget analysis is conducted. The results show that the contribution of vertical 
advection to positive SST anomalies in the equatorial eastern Pacific is larger than meridional and 
zonal advection during EP El Niño, whereas the zonal advection plays significant roles in CP El 
Niño. The control run failed to reproduce the CP El Niño mainly because its zonal advection is 
weak in the equatorial western and central Pacific. In contrast, WWBs in model enhanced zonal 
advection over these regions, resulting the strong SST anomalies in the central Pacific.    
  The impacts of WWBs on ENSO prediction are investigated in Chapter 5. Two sets of prediction 
experiments are performed with a standard HCM. A total of 324 idealized forecast cases are made 
between 1990 and 2017 for each experiment. The correlation coefficient between model and 
observation shows that both experiments exhibited typical values between 0.5-0.9 over the central 
and eastern Pacific, up to 12 months. In general, the forced run has better predictive skills than the 
control run. Further analysis of SST anomalies during El Niño events shows that the forced run 
produces significantly higher SST anomaly amplitudes than the control run over the eastern 
Pacific, which is close agreement with observation at 12 lead months. It assumes that the high SST 
anomalies amplitude over the eastern Pacific strongly influenced by WWBs. Moreover, the CC 
and RMSE between the observation and model show that the forced run has better predictive skill 
than the control run. The main difference between both models occurs especially at lead times 
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longer than four months. We also presented the predictability analysis for CP and EP El Niño 
events. This is necessary as the different physical processes play significant role in types of El 
Niño. Results show that forecast skills for EP El Niño events are significantly better for longer 
lead months in the forced run, whereas there is no significant impact of WWB in the model at the 
shorter lead months. In contrast, the forced run has better forecast skills than the control run for 
the lead time of five months or longer during CP El Niño events. These results confirm that 
enhanced physical processes driven by WWBS improve the forecast skill at longer lead months, 
which is more dependent on physical mechanisms.  
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6.2   Future Work  
 
Although, this research provides a detailed analysis of the importance of WWB in ENSO 
simulation and prediction using a hybrid coupled model, there are some improvements that can 
still be made. The following points could be proposed.  
• Future study could expand on the WWB parameterization scheme that was achieved by 
analyzing the WWB parameters, such as duration, amplitude, and center latitude. These 
parameters should be tested with different values as suggested in the previous studies 
(Gebbie and Tziperman, 2008, 2009).  
• Another potentially enlightening expansion of this study could include data assimilation. 
Data assimilation plays a vital role to computes initial condition for the numerical weather 
prediction (NWP). Over the past decades, numerous assimilation approaches have been 
developed to provide ENSO prediction system with a good initial condition. 
• Finally, it could be interesting to consider the globally fully coupled model which provides 
practical and theoretical importance for improving ENSO predictions. There has been very 
little work explored the role of WWBs in ENSO using fully coupled model (Tan et al., 
2019; Lopez et al., 2013). 
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